The diffusion of an idea significantly differs from the diffusion of a disease because of the interplay of the complex sociological and behavioral factors in the former. Hence, the conventional epidemiological models fail to capture the heterogeneity of social networks and the complexity of information diffusion. Standard information diffusion models depend heavily on the micro-level parameters of the network like edge weights and implicit vulnerabilities of nodes towards information. Such parameters are rarely available because of the absence of large amounts of information diffusion data. Hence, modeling information diffusion remains a challenging research problem. In this paper, we utilize the peculiar structure of the real-world social networks to derive useful insights into the micro-level parameters. We propose an artificial framework mimicking the real-world information diffusion. The framework includes (1) a synthetic network which structurally resembles a real-world social network and (2) a meme spreading model based on the penta-level classification of edges in the network. The experimental results prove that the synthetic network combined with the proposed spreading model is able to simulate a real-world meme diffusion. The framework is validated with the help of the diffusion data of the Higgs boson meme on Twitter and the datasets of several popular real-world social networks.
Introduction
Understanding the dynamics of diffusion on complex networks is a problem of great interest to the scientific community. Diffusion of diseases (Bailey et al. 1975; Eguiluz and Klemm 2002; Hethcote 2000; Anderson et al. 1992; Kermack and McKendrick 1927; Newman 2002) , products (Peres et al. 2010; Norton and Bass 1987; Mahajan et al. 1991) , fashions (Bikhchandani et al. 1992; Abrahamson 1991) , behaviors (Centola 2010; Christakis and Fowler 2007) , ideas (Rogers 2010; Rogers and Shoemaker 1971) , information (Adar and Adamic 2005; Gruhl et al. 2004) , computer viruses (Zou et al. 2002; Serazzi and Zanero 2004) , etc. is a very common yet complex phenomenon which has not been completely understood. Although all the diffusive processes can be visualized as the transmission or spreading of an entity from one node to the other in a complex network, the dynamics of diffusion differ in different contexts. Diseases do not spread like ideas which might not spread like computer viruses. In this paper, we address the diffusion of ideas (or information) in social networks. Diffusion of ideas, often called social contagion, significantly differ from the diffusion of other entities because of the complex sociological and behavioral aspects involved in the former.
Initially, the diffusion of an idea (or information) was considered to be similar to that of a contagious disease (Daley and Kendall 1964; Brauer 2008) . However, there is a basic difference between the diffusion of a disease and that of an idea (Pei et al. 2014 (Pei et al. , 2015 Iribarren and Moro 2009 ). While randomness is a big factor in the diffusion of a disease, choice plays a major role in the transmission of an idea (or information). One can examine an idea before making a decision to adopt it (Easley and Kleinberg 2010) , but nature has offered us no such provision for the adoption of diseases. Two important sociological factors which impact the adoption of an idea but not that of a disease are trust and influence as discussed below.
• Trust A high trust between two people increases the probability of acceptance of an idea between them (Kim and Tran 2013; Arnaboldi et al. 2017) . However, increased trust does not imply an easy biological contagion between these people. • Influence A highly influential person can easily convince a lesser influential person (Aral and Walker 2012) . However, this argument does not hold true in the case of diseases.
Such sociological factors make the modeling of information diffusion more complex than modeling diseases. Given a social network, an information diffusion model simulates the spreading of information on this network from one node to the other. Such a model requires the input parameters, corresponding to the above-mentioned sociological and behavioral factors, for their simulation. For example, to decide how quickly an information will spread from Alka to Bhima, we need to know the level of trust or influence between them. Consider a celebrated information diffusion model, Independent Cascade Model (ICM), which requires probabilities (aka weights) associated with edges in the network. The weight of an edge denotes the probability of information diffusion across that edge. These weights depend on the complex sociological factors stated above and guide the micro-level interactions between the people. By a micro-level interaction, we refer to an information diffusing at the level of an edge in the network. Since edge weights completely capture the micro-level interactions, we use these two terms interchangeably. These micro-level interactions (weights), depending on the sociological aspects of trust and influence, are difficult to be quantified (Barrat et al. 2004 ). There have been only a few studies in the direction of understanding these micro-level interactions (Arnaboldi et al. 2017) . Researchers have tried weighing edges based on the data available from social networking sites; like the number of postings on a strand (Petróczi et al. 2007 ), context of messages (formal/informal) (Paolillo 2001) , profile similarity (Xiang et al. 2010) , mutual friends (Adamic and Adar 2003) , action log (Goyal et al. 2010; Karsai et al. 2011; Gruhl et al. 2004) , etc. However, collecting such huge data and applying such techniques to the real-world social networks are a daunting task. Hence, in the current simulation of information diffusion models in the real world (Najar et al. 2012) , these weights are usually ignored because of their unavailability, thereby assuming all the edges to carry equal weight. In such scenarios, the information diffusion models become equivalent to the epidemiological models which consider equal spreading rate across all the edges. Such models (Kitsak et al. 2010; Saito et al. 2012; Gruhl et al. 2004; Newman 2003; Xiong et al. 2012; Jin et al. 2013) ignore the heterogeneity of the system as well as consider a very simplified version of the complex human behavior (Pei et al. 2014 (Pei et al. , 2015 Iribarren and Moro 2009) .
To efficiently simulate an information diffusion model on a real-world network, we require the network and the associated edge weights. However, most of the datasets available online lose the information regarding the micro-level interactions and only provide the existential information about the nodes and edges in the network. The current study aims at addressing this aspect of modeling information diffusion in the real-world networks.
The idea
There is a strong correlation between the micro-level interactions (edge weights) between the people and the emergent structure of a network. Imagine a recently started institute where the students from different domains have taken admission. The micro-level interactions (edge weights) between these students are based on the sociological factors like the following:
1. Homophily Two students from the same domain tend to talk more with each other, and, 2. Social status The students might like talking more to a school topper or a socially rich fellow as compared to the other students.
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It has been proven that such ordered interactions lead to specific kind of structures in the emergent network (Sampson 1991; Granovetter 1973; Erez and Gati 2004) . For example, homophily allows information to flow mainly between the similar people, which leads to the formation of communities in the network (McPherson et al. 2001) . Hence, the microlevel interactions based on the sociological factors decide the course of information flow in the network, which, in turn, decides the structure of the network as a whole. Hence, the structure of a network can give us useful hints about the micro-level interactions (edge weights) of the network.
Our contributions
Real-world social networks have some peculiar structural characteristics which distinguish them from the theoretical network models. We first propose the idea of synthetic networks which mimic real-world social networks in terms of their structure. Next, based on the structure of such networks, we propose an information diffusion model which is able to extract some useful information about the edge weights (micro-level interactions) from the synthetic network. The proposed synthetic network and the information diffusion model together give rise to a framework which acts as a toy model for the real-world information diffusion. Hence, the major contribution of the work is the proposal of a real-world information diffusion framework which mimics the spreading of information in the real world. The framework comprises two components.
1. The SCCP network The SCCP network is an artificial synthetic network that mimics a real-world social network in terms of network structure. In SCCP, 'S' refers to 'Scale-free', 'C' refers to 'Communities', and 'CP' refers to 'Core Periphery'. These terms are defined in Sect. 3. 2. Diffusion model The proposed diffusion model is based on the structure of the network. The model bridges the gap between the network structure and the micro-level interactions (edge weights). The model is based on the difference in spreading probabilities of different kinds of edges and hence is termed as EBH (Edge-Based Hierarchical) spreading model.
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We show that both, the SCCP network and the EBH spreading model, are required to simulate the real-world meme spreading. We have validated our study with the help of realworld propagation of Higgs boson meme on Twitter and additionally datasets of some most popular real-world social networks like Facebook and Twitter. Our study addresses information diffusion in online social networks. However, the study holds for offline social networks as well as the offline and online social networks share the same fundamental properties (Arnaboldi et al. 2017) , especially in terms of network structure and the cognitive constraints of human beings.
Related work
Most of the past research has focused on modeling information diffusion on theoretical complex network models (Aral et al. 2013) . Watts (2002) studied the cascading phenomenon on random networks. Pastor-Satorras and Vespignani (2001) have shown that the infection is more prevalent on the scale-free networks as compared to the random networks. Similar studies exist for the other network structures like small-world networks (Centola 2010 ) and modular networks (Huang et al. 2006) . However, the observational diffusion data have always pointed at the inability of simplistic network models to completely capture the process of information diffusion in the real world (Aral et al. 2013; Backstrom et al. 2006; Aral et al. 2009; Pei et al. 2014) . Today, there are a large number of online social networks with their structural data available online (Kunegis 2013; Leskovec and Krevl 2014) . Starting with the discovery of power-law degree distribution in most of the complex networks (Barabási and Albert 1999) , a significant number of advancements have taken place in this direction. Different kinds of structural holes have been discovered in the social networks like the community structure (Clauset et al. 2004; Girvan and Newman 2002) and the core-periphery structure (Borgatti and Everett 2000; Rossa et al. 2013) . Researchers have deeply studied the structure of several online networks like the Internet (Alvarez-Hamelin et al. 2005) , blogosphere (Adar et al. 2004) , as well as social networking websites (Kumar et al. 2010) . However, this understanding of the structure of the network does not guarantee a complete understanding of the information diffusion on social networks because of the factors stated next. A large number of studies, although accounting for the real-world network structures, ignore the complex human behavior, and assume constant spreading rate across all the edges, akin to epidemiological models [20] . Gruhl et al. (2004) and Leskovec et al. (2007) proposed models inspired by the theory of infectious diseases for modeling information diffusion on the blogosphere.
The current popular research problems of influencing maximization and finding the superspreaders of information also employ epidemiological models for simulating information diffusion (Kitsak et al. 2010 ). Contrary to the above studies, there have been studies which emphasize the impact of complex human behaviors like homophily and social reinforcement on the spreading phenomenon (Weng et al. 2013; Jackson and López-Pintado 2013; Goldenberg et al. 2001) . Such works have provided convincing evidence for the difference between spreading of ideas and that of diseases (Centola 2010) . Bikhchandani et al. (1992) have shown Localized conformity to play a major role in the diffusion of fashion, trends, religious movements, etc. Many of such studies are based on the real-world information diffusion data collected from online portals. For example, (Goel et al. 2015 (Goel et al. , 2012 have studied the structure of cascades in online diffusion. Liben-Nowell and Kleinberg (2008) traced information diffusion through Internet chain letter data. Goyal et al. (2010) have tried predicting the influence probabilities of the Independent Cascade model with the help of online available data. Such studies, although being the most realistic for understanding information diffusion, require huge real-world data for their validation.
In this paper, we adopt a different kind of approach to addressing the above concerns. Instead of relying on the real-world diffusion data, we aim at uncovering the bridge between the structure of a complex social network and the information diffusion parameters. Very few studies have focused on bridging this gap between the two. Below, we shed a light on these studies and differentiate them from the current work.
Bridging the gap between micro-level interactions and network structure
Most of the work in the literature has focused on the study of macro-level properties of the social networks, particularly the structure of these networks. However, a seminal study by Mark Granovetter has built a strong bridge between the micro-level interactions and macro-level properties of a network. It has been argued that these are the small-scale (micro-level) interactions which get translated into the macro-level properties (large-scale patterns) of a network (Brown and Reingen 1987) , hence deciding its structure. Therefore, the structure of a network can give us useful hints towards the micro-level parameters. Granovetter has linked the notions of tie strength (edge weight) and homophily (communication between similar people), showing that people belonging to the same community have high tie strength as compared to the people across two different communities. Although Granovetter proposed an important classification between strong and weak ties, the studies focusing on tie strength in online social networks are rather sparse (Petróczi et al. 2007) . After this study, most of the literature remained focused on binary relational ties (Xiang et al. 2010 ). An efficient information diffusion model demands complete knowledge of the spectrum of tie strength. There were a number of follow-up studies, many of which aimed at converting this binary classification into a complete spectrum (Gilbert and Karahalios 2009; Burt 2009 ). However, all these kinds of works suffered from two major drawbacks.
1. The ties were considered to be symmetric, i.e., the strength of a tie was considered to be equal in both the directions. This means, if A infects B with a probability of 0.8, then B also impacts A with a probability of 0.8. However, it need not be true given other characteristics of the system. For example, A might be a highly influential person like a celebrity and hence might be easily able to impact B, but the reverse might not be true. Hence, the direction of information flow cannot be ignored while modeling information propagation. 2. The strength of the ties was not correlated to edge weights. These previous studies while aimed at distinguishing the tie strengths which did not attempt at relating them to the information diffusion models. Hence, the validation of results was mostly based on small surveys rather than the actual information diffusion experiments.
Our study proposes a correlation between the macro-level properties and the micro-level interaction dynamics on a social network. Using this correlation, we aim at proposing a meme spreading model which comes closer to the real-world meme propagation. The study which comes closest to our work is by Luu et al. (2012) . However, this work considers only the skewed degree distribution to be the major structural property of the real-world social networks. Moreover, the experiments conducted by the study in the real-world scenario are limited.
Definitions
Scale-free network A network is called scale-free (Hein et al. 2006 ) if its degree distribution obeys the power law. Power law implies that a vast number of nodes have a low degree, while a few nodes have a high degree (called hubs) (Lewis 2011; Barabási and Albert 1999) . Thus, the scale-free graphs are lopsided. The proportion of nodes having degree k: where 3 > > 2 . A canonical scale-free network can be easily generated with the help of the preferential attachment model proposed by Lewis (2011) . In the preferential attachment model, the probability of a new node making an edge with an existing node is proportional to the degree of the existing node. Thus, the nodes having higher degrees pull more links towards them consistently. As the network grows, only a few nodes, called hubs, manage to get a large number of links. Thus, in the resulting network, degree distribution is skewed towards a low degree. Next, we define two kinds of meso/intermediate-scale structures found in social networks-community structure and core-periphery structure.
Community structure A subset of nodes in a graph is called a community if the links between the nodes of the subset are denser than the links between the nodes of this subset with rest of the graph. Such subsets are frequently
Social Network Analysis and Mining (2019) 9:2observed in real-world social networks. The division of a network in such subsets is termed as community structure (Fortunato 2010 ). An edge that connects the nodes of the same community is termed as an intra-community edge. An edge that connects the nodes of two different communities is called an inter-community edge.
Core-periphery structure Another meso-scale structure observed in social networks is the core-periphery structure (Borgatti and Everett 2000) . In our world, high-status individuals can be located easily in a social network as compared to ones having low status (Easley and Kleinberg 2010) . It is because high-status individuals have the privilege to access more resources and their connections with others span geographical and social boundaries, whereas the links formed between low-status people are largely clustered and local. This distinction arises because of homophily (birds of a feather flock together). However, these two groups of people do not occupy interchangeable positions in any social network. In general, high-status people link in a densely connected core, while the low-status people atomize around the periphery of the network. Such an organization of nodes in a network is called a core-periphery structure. Periphery nodes at a large distance from each other tend to pass through the core for connecting to each other.
Generating SCCP networks
It has been observed that most of the social networks are scale-free (Barabási 2009 ) and can be generated by the preferential attachment model. Furthermore, these networks have communities (Shen 2013) because of the phenomenon of homophily that leads to the formation of dense clusters in the network. We also consider one more meso-scale characteristic in the formation of the network; core-periphery structure (Borgatti and Everett 2000) . It has been shown that the scale-free networks possess an implicit core-periphery structure. According to Rossa et al. (2013) , core-periphery structures are frequently observed in scale-free networks. They define and find the cp centralization for a number of different types of networks. The cp centralization is a measure of the presence of core-periphery structure in a network. According to their study, the average cp centralization value for 1000 instances of scale-free networks with 100 nodes and average degree 4 is 0.668. Considering these three characteristics, we have tried to simulate real-world networks via SCCP networks which show properties like Scale-free structure, the presence of Communities, and Core-Periphery structure. In algorithm 1, we propose a modification of the algorithm proposed by Wu et al. (2006) to generate synthetic networks. We relax the condition of every node making an equal number of edges on its arrival which is assumed in Wu et al. (2006) . It is because, when a new person joins a social network, it is not compulsory for him/her to make a predefined number of friends. The number of friendships varies from person to person. Moreover, the above algorithm allows the formation of communities of different sizes.
In Fig. 1 , we illustrate one iteration of Algorithm 1 for k = 3 , s = 4 , t i = 1 for all i, r 1 = 2 , r 2 = 6 , and f = 0.7 . Initially, the network has three communities represented in red, blue, and green colors. Let us refer to a community represented by color x as x community. In step 2, one node is added to the red community. It chooses a random number 4 and makes 3 intra-community edges and an inter-community edge. In step 3, one node is added to the blue community. It chooses the random number 5, making 3 intra-community edges and 2 inter-community edges. In step 4, one node is added to the green community. It chooses the random number 3, hence creating 2 intra-community edges and 1 intercommunity edge. Next, we detect the core-periphery structure in the generated network using k-shell decomposition.
Datasets
We have used multiple SCCP networks, random graphs (Erdős and Rényi 1961) , and real-world networks (Leskovec and Krevl 2014) in our study. Their specifications are given below. 
Dataset 3 Twitter
This dataset is an induced subgraph on Twitter with 81306 nodes and 1768149 edges (Leskovec and Mcauley 2012) . Fig. 1 Generation of an SCCP network. The network starts with three communities (red, blue, and green), each community being a clique of four nodes. Next, we add one node to each community, red (step 2), blue (step 3), and green (step 4)
Dataset 4 These datasets have been derived from the algorithm proposed in the previous section.
(a) SCCP-large This is an SCCP network on 65800 nodes, 591750 edges, and 11 communities. (b) SCCP-small This is an SCCP network on 4000 nodes, 170314 edges, and 11 communities.
Dataset 5
Random This is an Erdős-Rényi graph on 4000 nodes and 34650 edges.
We detect communities in datasets 1a (Higgs-induced), 2 (Facebook), and 3 (Twitter) using fast greedy modularity optimization algorithm given by Clauset et al. (2004) which is used to detect community structure for very large graphs. We also find out the core-periphery structure for all the above-listed datasets using the k-shell decomposition algorithm. We assign a coreness value to each node equal to the shell value assigned to it by the algorithm. Different complex networks have varying fractions of core and periphery nodes. Hence, for the sake of consistency, the set comprising of the top 10% of the nodes having the highest coreness values is termed as 10 core . The set of remaining nodes, i.e., V − (10 core), is termed as Per (periphery).
Proposed spreading model
Meme propagation on a real-world network follows the pattern of a complex contagion. A simple contagion is like an infectious disease which spreads with equal probability across all the edges, while a complex contagion spreads with different probabilities depending on the factors like social reinforcement and homophily 4 (Weng et al. 2014) . In addition, user influence also plays a prominent role in meme propagation. We take into consideration all these factors in modeling the diffusion of a meme diffusing through the ties in the network.
Our model is based on the following two key ideas.
1. Diversity in tie strength "Birds of the same feather flock together". We are more engaged and connected with the people in our own community as compared to people in other communities (McPherson et al. 2001) . Hence, the probability associated with the edges connecting people of the same community should be higher than the edges connecting people of different communities. This observation gains motivation from the theory of weak ties (Granovetter 1973 (Pei et al. 2014) . Simply stated, lower the status, higher the vulnerability and vice versa (Aral and Walker 2012) , and higher the status, more the influence and vice versa.
As discussed above, we can categorize the nodes in an SCCP network in two sets, 10 core and Per. Initially, all the nodes are uninfected and a node turns infected as soon as it adopts a meme. For every edge E uv , whose one endpoint u is infected and the other endpoint, v is uninfected, we term u as the potential sender and v as the potential receiver of the infection. The probability of infection transmission across the edge E uv depends on the types of both nodes, u as well as v. In our model, the probabilities of infection across edges are divided into five categories: P cc , P cp , P pc , P pp 0 , and P pp 1 (see Fig. 2 ).
Here, P represents probability. The type of an edge E uv is represented by the subscript. The subscript's first letter denotes the type of potential sender u and the second letter denotes the type of potential receiver v. c represents a node belonging to 10 core, p represents a node belonging to Per. Furthermore, 0 in the subscript denotes same community membership of u and v, while 1 represents u and v belonging to different communities. We worked towards predicting the Fig. 2 Five kinds of probabilities in SCCP networks 4 Homophily is the name given to the tendency of similar people becoming friends with each other. This leads to more number of ties between like-minded people and hence leads to the formation of communities in the network. Social reinforcement is the phenomenon by which multiple exposures of an information to a person lead to him adopting it. Social reinforcement and homophily tend to block the information inside one community most plausible order for these edge probabilities, which is initially proposed to be as: P cc > P cp > P pp 0 > P pp 1 > P pc . Since the spreading model is based on the heterogeneity of edges in an SCCP network, it is named as Edge-Based Hierarchical (EBH) spreading model.
Our model can be considered as an extension of the simple cascade model, with a slight change in the dynamics of every iteration, each infected node tries infecting its uninfected neighbors in accordance with the above probability hierarchy.
Experiments and results

Spreading model validation
We validate our model using datasets 1a (Higgs-Induced) and 1b (Higgs-Retweet), where dataset 1a (Higgs-Induced) gives us the information about the structure of a social network and dataset 1b (Higgs-Retweet) is the cascading pattern of a meme over 1a (Higgs-Induced). Let the dataset 1a (Higgs-Induced) be represented by G(V, E). As discussed before, based on the structure of G, we partition its nodes in two sets, 10 core and Per, such that V = 10 core∪Per and 10 core∩Per = � . We also associate a variable ij with each edge E ij , such that ij = 1 if nodes i and j in V belong to the same community, else 0. We divide the edges of the retweet network [dataset 1b (Higgs-Retweet)] into four categories based on the types of users an edge is connecting as follows.
1. E cc = {E ij ∈ E ∶ i ∈ 10 coreand j ∈ 10 core} 2. E cp = {E ij ∈ E ∶ i ∈ 10 coreand j ∈ Per} 3. E pc = {E ij ∈ E ∶ i ∈ Per and j ∈ 10 core} 4. E pp = {E ij ∈ E ∶ i ∈ Per and j ∈ Per}.
Furthermore, E pp is partitioned into two sets E pp 0 and E pp 1 as follows.
•
The types of nodes for dataset 1b (Higgs-Retweet) are extracted from its main graph of dataset 1a (Higgs-Induced).
In retweet networks, the weight of an edge from node i to node j specifies the amount of information flowing from i to j (the number of times j retweeted a message from i). Therefore, more the weight, higher the probability of information transmission across that edge.
In the following, we calculate the weights of classes of edges for the graph of dataset 1b (Higgs-Retweet). Let W(E ij ) be the weight of an edge from node i to node j. Furthermore, let N xy represent the number of edges having the type E xy , where x and y are the types of nodes, hence, having the possible values p and c. Then, W xy is the average of weights of all the edges from a node of type x to a node of type y calculated as follows. 
The weights obtained show that the observed order is the same as we have proposed earlier, thereby validating the ordering that we proposed, i.e.,
Simulation results
We simulate EBH spreading model as well as uniform spreading model on a number of datasets and report the results. For the simulation of our proposed model, we use the following probabilities: P pc = 0.00001 , P pp 0 = 0.0003 , P pp 0 = 0.0001 , P cc = 0.006 , and P cp = 0.004 . For the simulation of uniform spreading model, every edge is considered to have an equal probability of infection, i.e., E ij = 0.0002 , where i and j are the endpoints of an edge in the graph. We have chosen these probabilities, such that we can visualize the spreading pattern of a meme to the best possible extent. For all the figures in this section, X-axis represents the number of iterations and Y-axis represents the cumulative number of nodes infected up to that iteration. Moreover, dataset 1b (Higgs-Retweet) has a timestamp associated with every retweet in the network. These timestamps are based on the inter-tweet arrival times [81] of the Higgs boson-related tweets on Twitter. For our analysis, we have considered 30 timestamps as equivalent to one iteration. The results are structured in the following three parts. Figure 3a shows the actual spreading pattern of Higgs boson meme which indicates that in the real world, a meme does not have a constant growth rate. The rate remains constant up to some point, after which the popularity of a meme shoots up steeply and then slowly fades, giving rise to a sigmoid curve which is characterized by the equation
Meme spreading patterns on different networks using the EBH and uniform spreading models
, where k is the steepness of the curve. Figure 3b , c shows the simulation of our proposed spreading model on the SCCP-Large network (dataset 4a) and two real-world networks of Twitter (dataset 3) and Twitter Higgs boson network (dataset 1a). Figure 3(d) shows the simulation of the proposed spreading model on Facebook network (dataset 2). It can be seen that, in both these cases, the curve for the spreading pattern is seen to be sigmoidal just like Fig. 3(a) . Figure 4a , b shows the difference in the spreading patterns when the simulation is done through a uniform spreading model and our model, respectively. It can be seen that the simulation through a uniform spreading model is also a sigmoid function but has a lesser value of parameter x. Figure 4c shows the simulation of the proposed spreading model on three different kinds of networks. Despite simulating the EBH spreading model on all the three graphs, the value of x is observed to be lower only in the case of random networks 5 . Thus, we can say that the sharp S-shaped infection pattern is observed only for the SCCP kind of networks. These graphs show that the presence of both, an SCCP kind of network, as well as EBH spreading model, are required to mimic a real-world meme propagation.
The interactive effects of both the aspects of simulations, i.e., the SCCP network and the EBH model, are together drawn out in The data corresponding to the diffusion of Higgs boson meme on Twitter have been scaled in the figure to ease its comparison with the other spreading patterns. Since the Higgs boson network is large and is infected in a relatively higher number of iterations, ten iterations of its diffusion simulation are considered to be equivalent to one iteration of other networks. Furthermore, 210 nodes of Higgs boson network are considered to be equivalent to one node of the other networks. Such kind of normalization does not lead to any kind of distortion in the spreading pattern of Higgs boson [validated from Fig. 3a ] meme.
The Figure shows the following.
• The diffusion pattern on a random network with uniform spreading model is approximately linear.
• In cases where one of the proposed elements of the model is present, i.e., either SCCP network structure or the EBH spreading model (but not both), a sigmoid curve is obtained but without a steep rise. It can be observed in Fig. 5 as blue data points. The two sky blue lines depict the cases where the underlying network is SCCP, while the diffusion model is uniform. The purple-blue line depicts the case where the spreading model is EBH but the underlying network is random.
• SCCP network coupled with EBH model gives rise to the curves having a steep rise (data points in green). Furthermore, the real-world diffusion pattern of Higgs boson (black) shows a similar pattern. Figure 6a shows the pattern of infection of 10 core nodes and per nodes for the actual Higgs boson meme. In the previous case, all iterations are considered to be of equal length (10 timestamps). We observe the cumulative number of infected nodes in 10 core and Per, in every iteration. When we started infection from the nodes in Per (Fig. 6b) , the plateau structure of the curve continues till a node in 10 core is infected, and then, the infection shoots up suddenly. Figure 6c shows the plot when the infection is started only from the nodes in 10 core. We can see that, in this case, infection shoots up immediately without the plateau structure. This solidifies the observation that the number of infected nodes in Per increases sharply as soon as a sufficient fraction of the nodes in 10 core gets infected.
Explanation of the plateau structure observed in the meme pattern
Furthermore, one can argue that a sharp sigmoid curve can be a result simply obtained by associating a high infection probability with some nodes in the network, which are not necessarily the most influential. To account for this argument, we conduct one more simulation declaring 10% nodes, randomly chosen from the network, to be the most influential. The results are shown in Fig. 7 . It can be seen that the spreading model with random nodes considered to be influential results in a spreading pattern similar to that of a uniform model. This proves that a steep sigmoid curve is not simply a result of associating high probability values with any randomly chosen set of nodes.
Effect of communities and core nodes on meme virality
In Fig. 8a , we start the infection from a single community and show that the infection spreads in multiple communities only when the meme infects the 10 core sufficiently and gets viral. Figure 8b shows the spreading pattern when the infection starts in multiple communities. However, the meme becomes viral only after the infection of 10 core nodes. Therefore, whether the infection starts from a single community or multiple communities, the infection of 10 core nodes is sufficient to predict its virality. Figure 8c shows the actual spreading pattern of Higgs boson meme. For convenience, the conclusions from the most important simulations have been summarized in Table 1 . Figure 3b shows that our model performs similarly on both, SCCP as well as real-world networks. In both the cases, the curve for the spreading pattern is an initial plateau followed by a steep increase in the number of infected nodes. After infecting the maximum number of nodes, the curves again become constant. It is easy to observe the similarity between Fig. 3b , c. Similar to Fig. 3b , c has an initial plateau followed by a sharp increase in the number of infected nodes. Figure 3a shows the actual spreading pattern of Higgs boson meme. This pattern is much similar to what we observed in Fig. 3b , c. It shows that, in the real world also, the meme does not have a constant growth rate. It has a constant growth rate up to some point, after which the popularity of a meme shoots up suddenly before it finally stabilizes. This resembles the law of natural growth (Kucharavy and De Guio 2011) having periods of birth, growth, maturity, decline, and death, denoting the cumulative growth in the life cycle of a system. This has been shown in Fig. 9 . Such a logistic curve has applications in a diverse number of areas. In addition to the law of natural growth, it has been applied for studies in population dynamics, economic analyses, diffusion of epidemic diseases, market studies of new products, etc. In connection with the diffusion of ideas, Everett M. Rodgers postulated that innovations would spread in society in an S curve. Figure 4a , b show the simulation of proposed and uniform spreading models on the datasets 4(a) (SCCP-Large) and 3 (Twitter), respectively. It can be easily observed from Fig. 4a , b that both the proposed as well as the uniform spreading model is S-shaped curves. However, the growth rate of the proposed model is many times faster than the uniform model. A plausible explanation for this is-initially, only per nodes are infected. Since there is a low probability of a per node infecting another per node and a very low probability of them infecting 10 core nodes, not many nodes are infected in subsequent iterations. Once the infection becomes widespread amongst 10 core nodes, it takes no time for the infection to leak into rest of the network and go viral. Therefore, it is the intensity of infection spread among the 10 core nodes, that decides the time point at which there will be an overshoot in the number of infected nodes. Figure 4c shows the simulation of the proposed spreading model on three different kinds of networks. Despite taking the same probability orderings for all the three graphs, we see that there is a sharp increase in infection growth only in the first two cases, where the underlying network has a peculiar structure in terms of having scale-free degree distribution, communities, and core-periphery structure (SCCP). Hence, the sharp S-shaped infection pattern is observed only for the SCCP kind of networks. In the case of a random network, even though the declared 10% core nodes have a high probability of infecting their neighbors, but the connections between the 10 core nodes are not dense enough to result in an overshoot in the number of infected nodes. Thus, the absence of a peculiar core-periphery structure in random networks makes it difficult for a meme to spread throughout the network.
Discussion
We can observe the cumulative number of infected 10 core nodes and per nodes on an SCCP graph of 70,000 nodes in Fig. b , c. When we started infection from per nodes (see Fig. 6b ), the plateau structure of the curve continues till a 10 core node is infected. Then, the infection shoots up suddenly. Figure 6c shows the plot when the infection is started only from the 10 core nodes. We can see that, in this case, infection shoots up immediately. This solidifies the observation that the number of infected per nodes increases sharply as soon as a sufficient fraction of the 10 core nodes gets infected. Figure 6a shows the pattern of infection of 10 core nodes and per nodes for the actual Higgs boson meme. In the previous case, all iterations are considered to be of equal length (30-timestamps). We observe the cumulative number of infected 10 core nodes and per nodes in every iteration. Again, it is easy to observe that the pattern is analogous to the proposed spreading model on SCCP graphs.
Next, we observe the impact of infection in multiple communities on the spreading of a meme. In Fig. 8a , we start the infection from a single community and show that the infection spreads in multiple communities only when the meme infects the 10 core sufficiently. Therefore, the virality of a meme can be better marked by the event of 10 core nodes getting infected as compared to the infection in multiple communities. Figure 8b shows the spreading pattern when the infection starts in multiple communities. Therefore, whether the infection starts from a single community or multiple communities, the infection of 10 core nodes is sufficient to predict its virality. A similar pattern is observed for the dataset 1a (Higgs-Induced) in 8c.
Conclusion and future work
Our study has proposed an artificial meme diffusion framework comprising of two components, SCCP network, and EBH spreading model. These components are able to effectively simulate the real-world meme propagation of Higgs boson meme on Twitter. A sigmoid curve with a sharp slope is identified to be the characteristic spreading pattern of an Internet meme. It is seen that both the components of the framework are necessary to give rise to such a spreading pattern. The current study offers a penta-level classification of the edges based on the three important structural characteristics of the social networks. In future, one can consider more prominent structural characteristics of the networks to propose a better categorization of the edges.
The study shows that the heterogeneity of the SCCP networks has resulted in the classification of edges in the network, thereby providing useful insights about the information diffusion parameters. Hence, the study opens up a new direction of considering edge diversity in meme propagation models inspired by the structure of real-world social networks. Studies of this kind can greatly reduce the need for huge amounts of real-world data to simulate information diffusion models. Moreover, they reduce our dependence on the conventional epidemiological models which fail in considering the heterogeneity of the system and the complex behavioral aspects of human beings.
